Although, the male labor force participation rate is comparable in China and India, female labor force participation rate remains very low in India. In this paper, we examine the factors responsible for the difference in female labor force participation rate between the two countries by carrying out decomposition exercise at three points of time covering two decades. We find that the differences in female labor force participation rate are not explained by the differences in characteristics across the two countries in each of the three year studied. The differences in returns to these characteristics explain most of the differences in participation rate.
Introduction
China and India are two most populous countries in the world with combined population of 2.7 billion in 2016 that is more than one-third of the world's total population (World Development Indicators). Since 1980, both China and India have achieved remarkable rates of economic growth and poverty reduction, and the emergence of China and India as major forces in the global economy has been one of the most significant economic developments of the past quarter century (Bosworth and Collins, 2008) . The similarities between these two countries on economic growth front also extend to the male labor force participation rate which remains higher than the rate for the world or OECD countries ( Figure 1 ). In contrast, the female labor force participation rate (FLFPR, henceforth) in both countries differ dramatically. While FLFPR in China is higher than the FLFPR for the world or OECD countries, the Indian FLFPR remains comparatively very low. (Figure 2 ). Although there exists literature for both countries that focuses on the declining trend in FLFPR witnessed in recent decades in each of the country individually (e.g., Afridi et al., 2017; Hare, 2016;  and Klasen and Pieters, 2015) , there exists no study that compares the FLFPR between the two countries. 1 Given the difference in the development stages of these two countries, it will be useful to examine what factors drive differences in FLFPR between the two countries.
In this paper, we decompose the differences in FLFPR between the two countries using nationally representative household surveys at three points of time covering over two decades to understand the factors responsible for the differences. We find that differences in characteristics of women between China and India do not explain observed gaps in the FLFPR. Instead, the returns to covariates account for majority of the gaps in participation in each of the three years studied.
The paper is organized as follows. Section 2 describes the data and construction of variables. Section 3 states the empirical framework, while section 4 presents the results.
Section 5 concludes.
Data
We use nationally representative household surveys from both China and India. Both CHIP and NSS provide levels of education. CHIP data classify education in following categories---below primary, primary (6 years of education), junior secondary (9 years of education), senior secondary (12 years of education), and tertiary. The Indian NSS data classify education in below primary, primary (5 years of education), middle (8 years of education), secondary (10 years of education), senior secondary (12 years of education), and tertiary. Since the levels of education capture the skill differences more closely than years of schooling, we re-categorize the education levels to attain some uniformity across both coun- tries. We define five education categories: below primary, primary, secondary (for India, it contains both middle and lower secondary, i.e., either 8 or 10 years of education; for China it contains junior secondary, i.e. 9 years of education), higher secondary, and tertiary. 4 We also restrict our sample to women in age group 25-64 to avoid counting women who are still in school. Moreover, since the determinants of labor force participation may have differential impacts across rural and urban areas, we carry out our analysis separately for urban and rural areas. 
Empirical Framework
Our interest lies in examining the factors driving the differences in FLFPR between China and India. The standard Oaxaca-Blinder (OB) decomposition technique is a popular tool for analyzing differences in average. The standard assumption in OB decomposition is that the outcome variable Y is linearly related to the covariates, X, and the error term ε is conditionally independent of X:
where Y c,i is a binary indicator that takes a value of one if woman i residing in country c is in labor force, X is the vector of covariates that contains women's own characteristics-indicators for education levels and indicators for age groups, and family circumstances captured by indicators for highest education of male member, household demographics such as household size and number of 0-7, and 8-17 year old children.
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The overall difference in FLFPR between China and India can be written as:
whereβ c,0 andβ c,k are estimated intercept and slope coefficients, respectively, of the regression models for groups c = CHN, IN D. 6 As documented in the literature, the decomposition in equation (2) is not invariant to the choice of counterfactual, hence, we present decomposition results using the coefficients for China and India as weights, separately. Moreover, to facilitate the interpretation and ensure comparability, we perform all decompositions with the same reference group across the years, and our reference group consists of similar educated individuals in both countries.
The necessity to use a common set of covariates in OB decomposition prevent us from using few countryspecific variables such as caste and state for India or ethnicity and province for China. Household income is another explanatory variable used in the literature to explain female labor force participation, however, while the NSS data report household consumption, the CHIP data report income raising issue of comparability. 6 In the literature, the explained effects are also referred as endowment effects, covariate effects, or composition effects. Similarly, the unexplained effects are also referred as coefficient, price, or structural effects.
7 While the detailed "explained effects" are not affected by the choice of the reference group, the detailed "unexplained effects" differ by the choice of reference group as different parts of the effects are hidden in the intercept (Fortin, Lemieux, and Firpo, 2011) .
In Table 2 , we present determinants of female labor force participation (FLFP, henceforth) in both countries for the three years. For rural China, education seems to have either no impact or positive impact on the FLFP with the exception in 2002, where FLFP is marginally higher for lower education groups compared to the excluded secondary group. In contrast, Indian rural FLFP clearly demonstrates a U-shaped relation with education. Compared to the excluded group, i.e. women with secondary degree, which is at the middle of educational distribution, the probability of FLFP is higher at the lower and top end of the educational distribution. The impact of education on FLFP is much stronger in Urban China showing a monotonous increase in probability of FLFP with education. For Urban India, FLFP maintains a U-shaped relation, where the probability of FLFP is higher for below primary and tertiary educated women compared to the excluded secondary educated group.
The highest level of education of adult male residing in the household seems to have negative effect on FLFP in urban India. For example, in 2008, FLFPR is 11 percentage points less if highest male education is tertiary compared to if highest male education is secondary. In contrast to urban India, there is no apparent effect of male education on FLFP in the urban China. In rural India, we also find that presence of higher educated male in the household reduces the FLFP. For Rural China, although there is no relation between FLFP and education of co-resident male member in the 1987 data, the 2002 data shows that presence of lower educated male member increases FLFP but presence of higher educated male member (higher secondary and above) has no effect compared to presence of a secondary educated male member. If one can consider education of male member as a proxy for economic status of the household, this suggests income effect is at work in India.
Klasen and Pieters (2015) also find that a higher education level for male in the household has a negative effect on female participation in India, and suggest the presence of a social stigma associated with educated husbands to have working wives.
Age of women also seems to have significant effects on the FLFP. It is worth noting that age effects are capturing the cohort effects. Not surprisingly, the women in older age group (55-64) are less likely to participate in labor force compared to excluded group (45-54). The striking result is the difference in the propensity to participate in labor force among younger group (25-34). For China, young cohorts are much more likely to participate in labor force compared to the excluded group. In contrast, young cohort in rural India is less likely to participate. For urban India also, we find that young cohort is less likely to participate in 1987, while they are marginally more likely to participate in 2002, and there is no significant difference in 2008. Being single has opposite effects on labor force participation in these two countries.
As evident from Table 1 and Table 2 , there exists differentials in characteristics between two countries, and the importance of those characteristics in terms of driving labor force participation differ between the countries. We move to OB decomposition that decomposes the gap in FLFPR into explained and unexplained effects. The columns 1, 2, and 3 of Table   3 Urban China and Urban India also find that majority of the wage gap remained unexplained.
Conclusion
In this paper, we examine the differences in female labor force participation between China and India at three points of time covering two decades. Our decomposition exercise suggests that majority of the gap witnessed is because of the coefficient effect. Unfortunately, the large coefficient effect driving FLFPR difference across the two countries does not pinpoint the reasons behind the differential impacts. For example, from our analysis we could not answer why one observe a U-shaped relation in labor participation and education in India while a positive association in China. We can only speculate that probably social norms and limited demand for middle educated workers play a role in suppressing labor force participation for secondary graduate women compared to low educated women. 8 From the policy perspective, only improvement of women's labor market characteristics in India will likely to be insufficient in raising female labor force participation rates unless the demand side and social barriers are also addressed. Note: Standard deviation in parenthesis. * p < 0.10, * * p < 0.05, * * * p < 0.01.
